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The efficacy of self-concept interventions has previously been examined through traditional meta-analytic methods, and a 
host of moderators of intervention outcomes have been identified (O’Mara, Marsh, & Craven, 2004; Haney & Durlak, 
1998; Hattie, 1992). However, traditional meta-analytic models have increasingly been criticized because they fail to 
account for the nested structure of effect sizes within studies, thereby violating statistical assumptions of independence. 
The multilevel model approach to meta-analysis takes into account the hierarchical structure of meta-analytic data, thus 
providing findings that are more statistically sound. Consequently, the present study applies the multilevel model 
technique to the analysis of the self-concept intervention literature. The overall mean effect size of .47 suggests a 
moderate impact of interventions on self-concept at post-test, and analyses show that intervention effects are maintained at 
follow-up. Other moderators examined include the construct validity approach to the multidimensionality of self-concept; 
the focus of the intervention on self-concept; the use of random assignment to treatment and control groups; the control 
group type; treatment type; and the treatment administrator. Intraclass correlations and the variance explained by each 
moderator model are presented to emphasise the importance of using a multilevel model approach to meta-analytic 
research. It is concluded that multilevel models provide a more accurate understanding of the self-concept intervention 
literature than traditional meta-analytic models. Suggestions for future self-concept intervention design and evaluation are 
provided. 
 
 
     Positive self-concept is desirable for one’s development, and so self-concept enhancement is a major focus of concern 
for many researchers. For instance, high self-concept is associated with feelings of self-worth and high motivation to 
achieve. Self-concept is also an important mediating construct, which impacts upon a host of psychological and behavioural 
outcomes across a variety of settings. Components of self-concept have been shown to predict various performance 
outcomes above and beyond prior performance in the task. Some examples include the performances of elite swimmers at 
international events (Marsh, 2002); job performance and job satisfaction (Judge, Erez, & Bono, 2001); and academic 
achievement (Marsh, Byrne, & Yeung, 1999). Thus, the enhancement of self-concept is desirable, as it promotes positive 
outcomes (see Marsh & Craven, 2006, for review) and protects against negative outcomes (Branden, 1994). 
 
Construct Validation and Self-concept Interventions 
 
     Despite the extensive attention paid to the outcomes associated with self-concept, the self-concept enhancement 
literature has suffered from adherence to outdated models of the structure of the construct. Relevant literature reviews (e.g., 
Marsh & Craven, 1997) have typically been unable to conclude whether interventions are effective, and this could be due to 
the way in which self-concept has historically been commonly measured (see O’Mara, Craven & Marsh, 2004). A 
fundamental problem with the self-concept enhancement literature is that, for a long time, there has existed an assumption 
that self-concept has a unidimensional structure, suggesting that it is consistent across different contexts (see Bracken, 1996; 
Hattie, 1992 for reviews). As a result, self-concept interventions have typically been evaluated using global self-concept 
scales. However, recent developments in self-concept theory (e.g., Marsh & Shavelson, 1985) and measurement (e.g., 
Marsh, 1993) have spawned research in favour of a multidimensional structure of self-concept (see Marsh, Craven & 
Martin, 2005, for a review; also see Byrne, 1996; Hattie, 1992). In their pivotal review of the self-concept literature, 
Shavelson, Hubner and Stanton (1976) argued for a construct validity approach to the measurement of self-concept. They 
asserted: 
It appears that self-concept research has addressed itself to substantive problems before problems of 
definition, measurement, and interpretation have been resolved. Until these problems have been dealt with in 
a manner made possible by advances in construct validation methodology, the generalizability of self-concept 
findings will be severely limited, and data on students’ self-concepts will continue to be ambiguous (p. 410).  
     Construct validation approaches have been advocated as a way of better understanding the hypothetical construct of self-
concept (Marsh, 1993). Such an approach applied to intervention research would mean that the domains of self-concept that 
are most relevant to the intervention should be most impacted upon by the intervention, while less relevant domains should 
show less change (Marsh & Craven, 1997). There are two types of construct validity: convergent and discriminant validity. 
Convergent validity is the contrast of two variables or outcomes that one would expect to be related. When applied to self-
concept interventions, we would expect self-concept domains related to the intervention to show a marked improvement 
after intervention. Discriminant validity is the contrast of two distinct variables or outcomes. In self-concept interventions, 
discriminant validity would be evidenced where unrelated self-concept domains do not improve after the intervention. For 
example, Marsh and Peart (1988) demonstrated that results of a physical fitness intervention and physical fitness indicators 
were substantially related to physical self-concept but nearly uncorrelated with non-physical self-concepts. 
     However, only recently have adequate multidimensional instruments and appropriate statistical analysis procedures 
become available, which has heretofore meant a dearth in multidimensional self-concept research employing this approach 
(see Hattie, 1992; Byrne, 1984, for reviews). Perhaps one of the best examples of the construct validation approach to 
intervention studies is the series of studies based on the Outward Bound program by Marsh, Barnes and Richards (1986a, 
1986b). From a construct validation approach, the juxtaposition of the two studies gives them added significance, because 
they targeted different self-concept domains and differentially affected those domains. To elaborate, the Outward Bound 
standard course is a 26-day residential program based on outdoor activities, and has a predominantly non-academic focus. 
Gains at post-test were significantly larger for the self-concept domains predicted a priori to be most relevant to the goals of 
the program (i.e., non-academic self-concept domains) compared to less relevant self-concept scales (i.e., academic self-
concept domains). In contrast, the Outward Bound bridging course is a six week residential program designed to produce 
significant gains in the academic domain. The results showed that academic self-concept effects were substantial and 
significantly larger than non-academic self-concepts effects after completion of the academically-oriented bridging course. The 
authors argued that global measures of self-esteem would have led to the conclusion that the interventions were much weaker, 
and the broader understanding that the match between intended goals and outcomes provides would have been lost. Thus, 
the two studies combined, emphasise the need to target specific self-concept domains. 
     The importance of the construct validity approach was central to a comprehensive meta-analysis by O’Mara, Marsh and Craven 
(2004). They conducted a meta-analysis of 200 self-concept interventions, in which they contrasted self-concept outcomes in 
terms of their relevance to the intervention. They reported that those interventions which precisely measured the self-concept 
domain that was targeted in the intervention yielded higher effect sizes than studies that used mismatched scales. By 
employing this innovative construct validity approach, O’Mara, Marsh and Craven (2004) showed that multidimensional 
considerations are essential in determining intervention success. However, many researchers still utilise unidimensional 
scales, even when the intervention is clearly multidimensional in nature. This has led to an underestimation of the efficacy 
of self-concept interventions, and has no doubt impeded self-concept intervention development (O’Mara, et al., 2004). 
 
Previous Meta-analyses of Self-concept Interventions 
 
     The current paper is a re-analysis of a previous meta-analysis by O’Mara, Marsh and Craven (2004), which used a fixed 
effects model method. The earlier meta-analysis was inspired by two prior self-concept intervention meta-analyses by Hattie 
(1992) and Haney and Durlak (1998). These three meta-analyses, and their results that are pertinent to the current study, are 
discussed below. 
 
Hattie’s (1992) Meta-Analysis 
 
     Hattie (1992) conducted a fixed effects meta-analysis of 89 self-concept intervention studies to investigate the 
effectiveness of self-concept interventions. Effect sizes in this meta-analysis were based on global self-esteem scores, 
implying a unidimensional approach. Hattie found a weak to moderate increase in self-concept across all interventions, as 
evidenced by an average effect size of 0.37. Teachers were found to be the least effective treatment administrators. 
 
Haney and Durlak’s (1998) Meta-Analysis 
 
     Haney and Durlak (1998) performed a fixed effects meta-analysis of 99 self-concept intervention studies published prior 
to 1992. Like Hattie (1992), Haney and Durlak used global self-esteem scales. The overall mean effect size in this analysis 
was 0.27, which is slightly smaller than what Hattie found. Treatments specifically focused on self-concept enhancement 
(i.e., direct studies; d = 0.57) were significantly more effective than treatments focused on other aspects, such as social skills 
(i.e., indirect studies, d = 0.10). Also, studies that randomly assigned participants to treatment or control conditions yielded 
higher effect sizes than studies employing non-random assignment to conditions.  
 
O’Mara, Marsh and Craven’s (2004) Meta-Analysis 
 
     O’Mara, Marsh and Craven (2004) conducted a fixed effects meta-analysis of 145 primary studies, which reported 200 
self-concept interventions for children and adolescents. They utilised a multidimensional, construct validity approach. They 
found an overall moderate effect size of .27, which is equal to that reported in Haney and Durlak (1998). The 
multidimensional structure of self-concept was supported as specific self-concept facet outcomes most relevant to the 
intervention had a higher mean effect size (.43) than facets with only secondary (.18) or incidental (.09) relevance to the 
intervention. As in the Haney and Durlak study, interventions whose focus was on self-concept enhancement had a higher 
mean effect size (.41) than indirect interventions (.18). Also, random group assignment strategies produced higher mean 
effect sizes than non-random assignment procedures. In contrast to Hattie’s (1992) findings, teachers were found to be the 
most effective change agents (.47). 
 
Multilevel Modelling Meta-analysis 
  
     Historically, meta-analytic research has been dominated by a fixed effects model approach. The three previous meta-
analyses of self-concept interventions described above all used this method. The fixed effects model assumes that all studies 
included in a meta-analysis are drawn from the same population (Hedges & Vevea, 1998). The implication is that the 
studies are equivalent except for sampling error variance. Realistically, though, most meta-analyses include distinct studies 
in their sample. For instance, the included studies might employ different study designs, intervention techniques, and or 
measurement instruments. Thus, it is necessary to incorporate random error variance to account for these variations between 
studies (Raudenbush, 1994). This allows generalisation to studies not included in the sample (Lipsey & Wilson, 2001). A 
new, and increasingly popular, way of conducting meta-analysis is through applying a multilevel model approach to meta-
analysis (Draper, 1995; Severiens & ten Dam, 1998; Swanborn & de Glopper, 1999). Meta-analytic databases are inherently 
hierarchical in nature because effect sizes are nested within studies (Goldstein, 1995; Hox, 2002; Hox & de Leeuw, 2003; 
Raudenbush & Bryk, 2002). The benefits of conducting a multilevel model meta-analysis have been explored by various 
researchers (Raudenbush & Bryk, 2002; Goldstein, Yang, Omar, Turner, & Thompson, 2000; Hox & de Leeuw, 2003; 
Kalaian & Raudenbush, 1996; Severiens & ten Dam, 1998; Swanborn & de Glopper, 1999; Van den Noortgate & Onghena, 
2003; see also O’Mara, Marsh & Craven, 2005 for summary).  
     Perhaps the most critical benefit of multilevel modelling meta-analysis for the present study is that multilevel modelling 
circumvents the issue of independence (Kalaian & Raudenbush, 1996). Meta-analyses frequently have multiple effect sizes 
per study, such as when they have multiple treatment groups or multiple outcome measures. Effect sizes from the same 
study will be more similar to each other than to those from different studies. Thus, these effect sizes may be correlated due 
to their shared source (Cooper, 1998). Traditional meta-analysis assumes that the effect sizes are independent from each 
other, whereas multilevel modelling builds into the model the potential for multiple effect sizes per study. This technique 
accounts for dependencies in the data whilst also allowing each study to contribute different effect sizes (Dickerson & 
Kemeny, 2004), allowing a multivariate analysis of the data (Hox & de Leeuw, 2003). By modelling the nesting of levels 
within studies, Bateman and Jones (2003) suggest that the accuracy of the estimation of standard errors on parameter 
estimates, and the assessment of the significance of explanatory variables, are improved.  
     The current meta-analysis seeks to compare and contrast multiple self-concept outcomes, thereby making violations of 
independence a concern. This suggests that traditional meta-analytic methods are not appropriate for this dataset. Indeed, 
analyses comparing components of any multidimensional construct should employ multilevel modelling meta-analytic 
methods, although this is not commonly the case in published psychological research. Hence, the present study contributes 
to meta-analytic methodology by demonstrating a construct validity approach using multilevel modelling, which is a unique 
innovation. 
 
The Present Investigation 
 
     Despite the aforementioned advances in self-concept theory and instrumentation, self-concept enhancement research has 
continued to use outdated, superseded global self-esteem scales (Marsh & Craven, 1997). Because of the mix of 
unidimensional and multidimensional approaches, the reviews of the self-concept enhancement literature may be distorted 
(O’Mara, et al., 2004). For instance, O’Mara, et al. suggested that interventions targeting specific self-concept domains are 
more effective than those targeting general or global self-esteem. Thus, a literature review including both sorts of 
interventions might be inconclusive. Further, they noted that many interventions that were reported represented a mismatch 
between the goals of the intervention and the measures used to evaluate them. For example, an intervention might directly 
target physical self-concept, but evaluate the intervention efficacy using a global self-esteem scale. This, they argued, 
probably will not tap into the actual changes at post-test as a result of the intervention because the instrument is not sensitive 
to the particular changes.  
     This multilevel model meta-analysis will compare the relevance of self-concept domain outcomes in an exploration of 
intervention effectiveness through the construct validity approach first implemented by O’Mara, Craven and Marsh (2003; 
see also O’Mara, Marsh & Craven, 2004, 2005). The present study involves a reanalysis of the data of a prior self-concept 
intervention meta-analysis which used a construct validity approach (O’Mara, et al., 2004), this time using multilevel 
modelling. As in the previous study, the aims of the present study are: 
1) To employ the innovative multilevel modelling approach to meta-analysis using specific categorical variables. This 
differs from an all-inclusive model by O’Mara, et al. (2005), which included dichotomous variables into one 
model. The present meta-analysis will analyse each variable in a separate model. As summarised above, multilevel 
modelling has many advantages over fixed effects models (Hox, 2002). 
2) To explore the multidimensionality of self-concept using a construct validity approach. Previous research has 
found that  the multidimensionality of self-concept is strongly supported (see Marsh, et al., 2005; O’Mara, et al., 
2004);  
3) To compare direct and indirect self-concept interventions. Both Haney and Durlak (1998) and O’Mara, Marsh and 
Craven’s (2004) meta-analyses have found direct interventions to have more impact upon self-concept at post-test; 
4) To explore the effects of random vs. non-random assignment to treatment and control conditions. O’Mara, Marsh 
and Craven, (2004) found random group assignment to be a more significant predictor of effect size;  
5) To explore the control group type as a moderator of effect size. O’Mara, Marsh and Craven (2004) found that 
attention placebo control groups had lower mean effect sizes than waitlist or inactive controls; 
6) To examine whether praise/feedback methods are effective. In a meta-analysis reported in Hattie (1992), 
psychotherapeutic approaches to self-concept enhancement were examined. However, treatment types used in 
educational settings have not received much attention, even though this has obvious direct applications. In a review 
of the literature, Craven, Marsh and Burnett (2003) lauded the success of certain praise and feedback interventions, 
and so we might expect such interventions to be particularly successful; 
7) To assess whether O’Mara, et al.’s (2004) finding that teachers were the most effective treatment administrators 
was supported under a multilevel model; and 
8) To test whether effects of the interventions are maintained at follow-up testing. O’Mara et al. (2004) found that the 
effects found at post-test did not significantly diminish by follow-up – a result we expect to emulate here. 
 
Method 
 
     The same sample of 145 studies (200 interventions, 460 post-test effect sizes) used in the O’Mara, et al. (2004) fixed 
effects model meta-analysis is used here. The interventions were for children and adolescents up to a mean age of 18 years. 
See the previous study for description of the sample and sampling procedures, coding materials, and computation of effect 
sizes. 
  
Multilevel Modelling Analyses 
 
     All analyses were conducted using MLwiN 2.02 using restricted maximum likelihood estimation procedures (known as 
“RIGLS” in MLwiN). In our model, we stipulated three levels: An outcome level component (level 1), an intervention-level 
component (level 2), and a study-level component (level 3). The first step in the analyses was to estimate the intercept-only 
model, which if significant, is followed by the moderator analyses (described below).  
 
Intercept-Only Model 
     For the intercept-only model, no predictors were included in the model. The intercept-only model is represented by the 
equation: 
di jk = β000 +  v0k  +  u0jk  +  ei jk 
where di j refers to the effect size for outcome i from intervention j and study k, β000 refers to the intercept (average effect 
size for an average outcome), v0k is the random error at level 3, u0jk  is the random error at level 2, and ei jk  is the random 
error (residual) at Level 1. The variance of v0k and u0jk indicate the variability in effect sizes. The variance is partitioned into 
within-study and between-study variance. A chi-square test is used to test between-study homogeneity. If the studies are 
homogeneous (i.e., there is no between-study variance), there is no significant difference between studies on the variable of 
interest. Any variance in effect sizes is due purely to sampling variance (Lipsey & Wilson, 2001). As such, no further 
analyses will be conducted. However, a significant variance component suggests that there is variance unexplained by the 
model: The model is heterogeneous (Raudenbush & Bryk, 2002). In other words, the participants take on a different form 
for a particular variable in each study included in the meta-analysis.  
 
Moderator Analyses 
     If the results of the chi-square reveal heterogeneity, potential predictors are modelled to see if they explain systematic 
variance between the study effect sizes (Hox & de Leeuw, 2003). For example, one would test to see if random assignment 
to conditions moderates the effect sizes. The question would be asked: Does the self-concept outcome for different studies 
differ according to assignment type (random or non-random)? This requires that the model be expanded to include predictor 
variables. The following hierarchical model was used: 
di jk = β000 + β1W1 j + β2W2 j + … + βsWs j + v0k  +  u0jk  +  ei jk 
where dijk is the mean effect size, β0 … βs are the regression coefficients, W1 j … Ws j are the study characteristics (predictor 
or moderator variables), v0k is the systematic variability in study k not captured by the s predictors, u0jk is the systematic 
variability in intervention j not captured by the s predictors, and eijk is the sampling error for study k (Raudenbush & Bryk, 
2002). The intercept (β000) is the estimated effect size for a study with zero values for all moderator variables. The 
remaining regression weights (β0 … βs) indicate the amount of expected variation in the effect size for a one-unit change on 
each variable. A likelihood ratio test was then conducted to compare the single level linear regression model with the 
multilevel model, where we estimated the between-study variation in the intercepts. 
 
Results and Discussion 
 
Multilevel Intercept-Only Model 
 
     A baseline variance components model was used to determine how much of the total variance was partitioned into 
variance components associated with study, intervention and effect size. The MLwiN output produced for this model is 
presented in Figure 1. The mean intercept, β0, constituting the fixed part of the model, is .468 with a standard error (SE) of 
.061. This is the indicator of the overall mean effect size for the sample of studies. In other words, the overall mean effect 
size is approximately .47. This indicates that the fixed effects model used by O’Mara, Marsh and Craven (2004) may have 
actually underestimated the impact of interventions on self-concept. Given the improved accuracy in modelling the data 
afforded by the multilevel model over the fixed effects model, it is promising to note this larger effect size.  
     The intercepts for the different studies (level 3 residuals, v0jk) have a variance, σ2v0, of .186 (SE = .085). The variance is 
divided by the standard error, and this new figure is compared to a z-critical at the α = .05 level to determine whether this 
variance is significant. This is known as the Wald test (Hox, 2002). In this particular analysis, the ratio of the parameter 
estimate to its SE is greater than 1.96, meaning that the intercepts of the studies considerably differ from one another at p < 
.05. The level 2 residuals, σ2u0, have a variance of .381 with a SE of .082. This parameter estimate is large, demonstrating 
that most of the variation in the effect sizes could be explained by differences at the intervention level. The random 
parameters at level 1 are constrained to equal 1 because the variance between effect sizes is known (see Chapter 5; Hox, 
2002; Raudenbush & Bryk, 2002).  
     The variance components shown in Figure 1 were used to compute the intraclass correlation. The total variance in the 
effect sizes is the sum of the level 3, level 2 and level 1 variances (.186 + .381 + 1.000 = 1.567). The between-study 
variance makes up a proportion of .119 of this total variance (.186 ÷ 1.567). This is known as the intraclass correlation, 
which suggests that 11.9% of the total variance was at the study level. Similarly, the intra-effect size correlation can be 
calculated by dividing the level 1 variance by the total variance (1 ÷ 1.567 = .638). Hence, 63.8% of the total variance was 
at the effect size level. This suggests that there could be large differences between multiple effect sizes within a given study 
– an unsurprising result since the effects within each study represent different self-concept domains. Finally, using the 
command interface in MLwiN, a chi-square was conducted (output not shown). The results of the chi-square homogeneity 
test suggested significant heterogeneity in the effect sizes (χ2 (144) = 511.87, p < 0.001).  
 
     Maintenance of intervention effects at follow-up 
     The intercept-only multilevel model using the follow-up effect sizes indicated that the overall mean effect size was .02, 
which was non-significant (SE = .11, p > .05). However, the chi-square of the residuals in the multilevel model contradicted 
the findings of the between-studies homogeneity of the fixed effects model meta-analytic methods, with a barely significant 
χ
2(11) = 56.342, p < .05. The intraclass correlation for level 3 was .087, suggesting that differences between studies account 
for 8.7% of the variance in this model. Thus, the results of the analyses of follow-up results indicate that the impact of the 
interventions do not significantly diminish at delayed post-test. It should, however, be noted that only 20 interventions 
reported follow-up results. 
 
Multidimensionality of Self-concept  
 
Relevance of self-concept domain outcome 
     Recall that target self-concept domains are those directly relevant to the intervention and hence we would expect 
maximum intervention change in those domains, target-related are those self-concept outcomes for which we might expect 
some change, whereas non-target domains would not be expected to exhibit any change after intervention. For the fixed 
parameters of the multilevel model with target and target-related self-concept outcomes included as dummy predictor 
variables, target self-concept outcomes (β = .289, SE = .044, p < .05) yield higher effect sizes than target-related self-
concept outcomes (β = .214, SE = .050, p < .05). Non-target self-concept outcomes were the reference variable. Thus, given 
that the intercept in this model is .26, the mean effect size for target studies is .55; for target-related studies, d = .47; and for 
non-target studies, d = .26.  
     For the random parameters, the log-likelihood of the baseline model (4160.365) minus the log-likelihood of the model 
with explanatory variables (4028.322) gives a deviance of 132.043 (df = 2, p < .001). This statistically significant deviance 
indicates significant variance between the models, suggesting that the model with predictors fits better than the intercept-
only model. The intraclass correlation for the between-studies level was .114, suggesting that differences between studies 
account for 11.4% of the variance in this model. The chi-square test on the variances suggests that there is significant 
between-study homogeneity (χ2(142) = 6679.6, p < .001). 
     The results further supported the use of the construct validity approach to self-concept, as targeted self-concept outcomes 
yielded higher mean effect sizes than target-related or non-target self-concept outcomes. This is in line with the findings of 
the previous meta-analysis using the fixed effects analyses. Further, it strengthens a host of research (see Marsh, et al., 2005, 
for review) supporting the multidimensionality of self-concept. 
 
Match between intervention goal and self-concept outcome measure 
     For the fixed part of the model, only two of the categories were significant predictors of effect size. These were the 
group of studies focusing on a specific self-concept domain that used a measure of that domain (β = 1.030, SE = .317, p < 
.05, d = 1.17), and the group of studies in which a specific self-concept domain was targeted but measured using multiple 
multidimensional scales (β = .749, SE = .316, p < .05, d = .89). The deviance of 19.92 was significant at p < .05, suggesting 
the model with predictors included had a better fit than the intercept-only model. The intraclass correlation for level 3 was 
.102, suggesting that differences between studies account for 10.2% of the variance in this model. The chi-square on the 
residuals was significant (χ2(136) = 6748.5, p < .001).  
     The use of multidimensional approaches to self-concept intervention was supported since the only two significant 
predictors of effect size in the match between intervention and measurement analyses were the category of studies focusing 
on a specific self-concept domain that used a measure of that domain (which, incidentally, was the largest predictor of all 
the categories in any of the analyses) and the group of studies in which a specific self-concept domain was targeted but 
measured using multiple multidimensional scales. This follows the results of the previous fixed effects model meta-analysis, 
and also coincides with O’Mara, Craven and Marsh’s (2004) argument that interventions should target and measure the 
same self-concept domains. 
 
Research Methodology 
 
Focus of intervention on self-concept  
     This model contained no significant categories. This is despite the model having a statistically significant improved fit 
over the intercept-only model, as indicated by the deviance of 91.21 (p < .01). In other words, the predictor-included model 
explains more variance than the intercept-only model, but still fails to identify significant moderator variables. The 
intraclass correlation for level 3 was .135, suggesting that differences between studies account for 13.5% of the variance in 
this model. The chi-square of the residuals was significant, χ2(141) = 7053.6, p < .001. 
     Surprisingly, the results of the present meta-analysis did not support the findings of either Haney and Durlak (1998) or 
O’Mara, Marsh and Craven (2004) regarding direct interventions leading to greater self-concept enhancement. The 
multilevel model analyses showed this variable to be non-significant for this sample, unlike the previous meta-analyses. 
This could be explained by differences between the two models. Fixed effects models fail to account for random variance 
between the interventions and studies (Raudenbush, 1994), and so are less accurate. Although this finding does not 
contradict the reciprocal effects model of the casual ordering between self-concept and performance (see Marsh and Craven, 
2006 for review), since both self-concept and skill-based interventions seem to be equally effective in enhancing self-
concept, this does highlight the importance of conducting more causal modelling research. 
 
Group assignment procedure 
     Most of the random group assignment procedures yielded higher B-values than non-randomized designs, with 
the exception of randomly assigned groups. However, the only categories to reach statistical significance (p < .05) were 
studies that used randomly assigned individuals (B = .838, SE = .409, d = .58) and those that utilized intact groups and 
claimed to randomly assign them to conditions (B = 1.007, SE = .455, d = .75). The deviance value of 97.93 is significant at 
p < .01, suggesting significant improvement in model fit from the intercept-only model. The intraclass correlation for level 3 
was .139, suggesting that differences between studies account for 13.9% of the variance in this model. The chi-square on the 
residuals was significant, (χ2(137) = 6835.2, p < .001). 
     Haney and Durlak (1998) and O’Mara, Marsh and Craven (2004) found that random assignment of participants was a 
significantly positive predictor of effect size using a fixed effects model. O’Mara, Marsh and Craven (2004) reported that 
random group assignment procedures yielded higher effect sizes than non-random procedures. This was generally found to 
be the case here. However, the use of multilevel modelling found only two of the categories to be statistically significant 
predictors. Following from O’Mara, Marsh and Craven (2004), it seems that quasi-experimental studies may lead to the 
underestimation of intervention effects. We therefore reiterate that researchers should employ random designs where 
practicable. Further, meta-analysts of intervention studies should include random assignment in their predictor models, since 
it appears to make a difference to the way in which self-concept outcomes are evaluated. 
 
Control group type 
     Waitlist controls yielded the highest mean effect size (d = .57, B = .578, SE = .284, p < .05. The other category to reach 
statistical significance was the inactive control group (d = .48, B = .488, SE = .248, p < .05). The deviance statistic of 92.53 
suggests a significantly better model fit over the intercept-only model (p < .01). The intraclass correlation for level 3 was 
.121, suggesting that differences between studies account for 12.1% of the variance in this model. The chi-square on the 
residuals was significant (χ2(141) = 6916.2, p < .001). 
     As in O’Mara Marsh and Craven (2004), effect sizes from intervention studies employing attention placebo controls 
yielded the lowest mean effect sizes. This suggests that some of the impact of interventions in waitlist and inactive control 
group studies could be attributable to merely being involved in an intervention. That is, receiving some sort of attention 
might be enough to enhance self-concept. To fully evaluate the amount of change attributable to the intervention, all future 
research should include an attention placebo control group.  
 
Treatment Characteristics 
 
     The categories for this moderator were: group counselling and/or discussion, individual counselling with or without 
group counselling, group counselling or discussion with skills training, practice or training, praise/feedback, physically 
oriented, self-concept activities, social support or environmental restructure, praise with other features, social support or 
environmental restructure with other features, and ‘other’. None of the categories were significant at the .05 level, although 
the deviance statistic (99.82) was significant (p < .01). The intraclass correlation for level two was .218, suggesting that 
differences between interventions account for 21.8% of the variance in this model. The chi-square of the residuals was 
significant (χ2(133) = 6553.8, p < .001).  
     Since the overall deviance statistic was significant despite a lack of significant categories, a backwards elimination 
method was used to determine if any categories were significant without the influence of other included variables. After 
backwards elimination, the only significant variable (category of studies) remaining was those studies that used 
praise/feedback techniques (β = .479, SE = .237, p < .05, d = .92). The deviance statistic for this model was found to be 
92.23. A smaller deviance statistic suggests a better fitting model, so the model with only praise/feedback as a predictor 
variable is actually better than the model with more categories included. The intraclass correlation for level two of the 
praise/feedback only model was .237, suggesting that differences between interventions account for 23.7% of the variance 
in this model (also an improvement on the larger model). The chi-square of the residuals was significant (χ2(133) = 6602.5, 
p < .001). 
     Thus, praise and/or feedback techniques were found to be significant predictors of effect size. This variable was not 
included in the earlier meta-analysis, but was included here because of the substantive interest of the research question. This 
follows from the review by Craven et al. (2003), which indicated that praise/feedback techniques are effective. Such 
interventions seem to therefore be an easy to implement and effective way of enhancing self-concept.  
 
Treatment Administrator 
 
     The categories for this moderator were mental health professionals, professional trainee, teacher, school counsellor, 
experimenter/researcher, other non-professionals, mixed administrators, and ‘unspecified’. None of the β-values for the 
categories of this moderator were significantly different from zero, although the highest β-value was for interventions 
administered by the researcher themselves (β = .207, SE = .295, p > .05). However, the deviance statistic showed that the 
predictor-included model was a better fit than the intercept-only model (deviance = 89.77, p < .01). The intraclass 
correlation for level 3 was .159, suggesting that differences between studies account for 15.9% of the variance in this model. 
The chi-square of the residuals was significant (χ2(137) = 7078.7, p < .001).  
     The issue of the treatment administrator remains a contentious (and controversial) issue. Hattie (1992) found that 
teachers were the least effective administrators; O’Mara, Marsh and Craven (2004) found that they were the most effective; 
while the current paper suggests that there are no significant differences between treatment administrators. It is 
understandable that the results differ from the Hattie findings, since the sample in that study included a wider age range, 
which meant that administrators such as university lecturers were included in the sample. Also, the Hattie meta-analysis 
focused more on psychotherapeutic approaches to intervention. Thus, different samples, leading to different categorisations 
of the administrators, between the Hattie and O’Mara, Marsh and Craven studies might explain the distinct results. The 
present study could differ from the O’Mara, Marsh and Craven paper because the present paper takes into account the 
variance at the intervention level. Types of intervention administrators are typically associated with different treatment 
types. As such, accounting for error at this level might eliminate some of the statistical noise associated with either the 
administrator or intervention or both. This is an especially powerful example of the importance of using multilevel 
modelling rather than traditional methods, as the prior fixed effects results are likely to be misleading. 
 
Conclusion 
 
     In conclusion, multilevel modelling has supported some of the findings of O’Mara, Marsh and Craven (2004). However, 
the findings for some variables (i.e., focus of intervention on self-concept, group assignment procedure, treatment 
administrator) differed slightly. Because of its many benefits in establishing accurate results over the fixed effects model, 
we are confident in this latest analysis of the self-concept enhancement literature. Further, the results can be generalised to 
the greater population of studies as it incorporates a random error variance component.  
     Once again the construct validity approach and the multidimensional structure of self-concept were supported. Now 
more than ever it seems difficult to deny the importance of the multidimensional approach to self-concept (Marsh et al. 
2005), especially in the context of interventions (O’Mara, Craven & Marsh, 2004). Most importantly, the multilevel model 
approach to meta-analysis has shown itself to be an essential development in meta-analytic methodology as it takes into 
account the nested structure of meta-analytic data. However, the relatively low variance explained in each model suggests 
that future research might look at additional variables, or combine a variety of variables into more complex models. 
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Figure 1. MLwiN Output of the Intercept-Only Model.  
 
 Note.  In the model, esadjijk is the outcome measure for the adjusted effect size i from intervention j of the kth study. XB = fixed part of the model; Ω = 
covariance matrix; β1ijk = intercept; e0ijkStdErrijk = standard error term, random only at the effect size level; v1k, = random study effect; u1jk, = random 
intervention effect; and e0ijk = random effect size effect.  
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